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Abstract: As scaling AI becomes deeply intertwined with the modern business sector, checking if young fresh talents are competent 

to work with such technology has become very important and still very timely. This research explores the AI preparedness of young 

fresh talent who are just started their job or in search and who are preparing to hit the job market from institutes in Kerala, 

concentrating on their acceptance and capability to change in the situations where the AI Tools will be integral part of work force 

in future. The current research is founded on Technology Acceptance Model (TAM) and explores the significance of Perceived 

Ease of Use (PEU) and Perceived Usefulness (PU) in young fresh talents formation of opinions about AI. 

The researcher adopts a quantitative approach; with descriptive and exploratory lens. The researcher collected data from a randomly 

selected stratified sample of 708 fresh Talents (refer to young or emerging workforce). These Talents currently come from various 

academic streams, Economic background and regions (village, municipality, and corporation areas) within Kerala. The researcher 

adapted tool from the original TAM instrument developed by Fred D. Davis, with his permission customised to research context. 

Statistical methods like Principal Component Analysis (PCA) and Multiple Regression Analysis (MRA) have proved the model 

reliability, explanatory power (R² > 0.80) and TAM factors are significant. 

Results further disseminates that the moderator; Economic status has edge over other Profession, Gender, location, and job status 

over impact. These implications emphasize the pressing need for higher educational institutions to introduce AI-based curricula 

and also design targeted interventions. This study offers practical ideas to help educators, policymakers, and institutional leaders 

come up with ways to digitally upskill and prepare the workforce in Kerala. 
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1. Introduction 

The "Survival of the Fittest" rule of nature is upheld in the highly competitive job market as the Artificial 

Intelligence (AI) entered to global labor markets and education systems arena now its a must or need of the hour to 

rapidly adapt new technologies among emerging talents to become successful as cited by Spector (2020) and Dwivedi 

et al., 2021). As highlighted by Brynjolfsson, E., & McAfee, A. (2014) in their study and reinforced by citations from 

World Economic Forum (2020, 2021, 2022 and 2023), AI is redefining job structures and decision-making processes, 

making it essential to assess AI readiness across socio-demographic segments. According to Singh, A. (2021), Singh 

A at. el., (2020) and Mehta & Awasthi (2023), inclusive digital transformation in India is challenged by intersecting 

inequalities of gender, region, and technology access, which demand context-specific policy and educational 

responses. 

The impact that AI is radical and effects spans in all walks of like it necessitate integration of AI contents in 

professional education and training as cited in by Luckin, R. (2018). Zawacki-Richter at. el., (2019) and OECD (2023). 

As cited in by Spector (2020) and Jha et al., (2022) For job-market-ready individuals in AI-disrupted industries, early 
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exposure and competence in AI technologies are critical to developing career resilience and market relevance . 

However, the presence of AI tools alone is insufficient; their successful adoption depends significantly on users' 

acceptance—guided by perceived usefulness and ease of use—core dimensions of the Technology Acceptance Model 

(TAM), originally developed by Davis (1989). and cited in by Venkatesh & Davis (2000). 

TAM model adoption is well tested in in education and digital learning environments as cited by Teo, (2011) 

and Ifenthaler & Schweinbenz,(2021). The story is not different too in Indian as cited by Raja & Nagasubramani 

(2018) and Mishra & Panda (2022). There is worldwide excitement about AI around the engagement, personalization 

and skill development this is noted by Zawacki-Richter et al. (2019 ), Luckin(2018) and UNESCO (2023). The 

researchers report gaps in infrastructure, digital literacy and student confidence curtail the excitements around the AI 

as cited in their reports Sharma & Singh (2021), World Bank, (2023) and Kukulsk-Hulme et al., (2022). 

Kerala state is unique because of the above average performance in literacy rate and progressive human 

development indicators as cited in Kerala State Planning Board (2022a and 2022b) report which make a clear candidate 

for current study among other states in India. As cited by NITI Aayog (2018,2021 and 2022) and the Digital India 

Corporation (2023), existing limitations of affordability, connectivity and digital fluency impede equitable AI 

integration. Further, they exacerbate the digital divide, especially in rural and marginalized communities as cited by 

NITI Aayog (2018,2021 and 2022) and the Digital India Corporation (2023). Further cited in the study, Thomas & 

Mathew (2023) addressed how young professionals in Kerala, especially women, face barriers to AI readiness due to 

a lack of guidance. 

With the increasing pace of AI adoption in business, services, and government sectors as cited in Brynjolfsson, 

E., & McAfee, A. (2014); World Economic Forum (2020,2021,2022 and 2023) and KPMG (2022). Hence it is 

important to assess the Kerala’s job-ready talents preparedness for digitally inclusive workforce. As cited by Ministry 

of Education (2020) in their report the Indian Government through the National Education Policy (2020) intend to 

promote technology-enabled and multidisciplinary learning across country. In their study as cited by Pathak & Sharma 

(2022) the success of government initiatives depends on learners’ engagement and attitudes toward digital and AI 

tools. 

This current study uses the TAM as base theory to investigate AI readiness among job-market-ready talents in 

Kerala. By focusing on their attitude towards the use of AI tools and barriers to using them, the research aims to offer 

some recommendations for educators, corporate actors and policy-makers helping the to developing access-based, 

future-focused learning, education policies and workforce strategies that will improve the campus-to-corporate gap. 

2. Background of the Study 

The study of McKinsey Global Institute (2023) highlight how quickly Artificial Intelligence (AI) is being used 

in many professional fields and this trend is especially strong in emerging economies like India. Studies done by Gupta 

et al. (2021 and 2022 a, b) shows that how AI has become in traditionally technical areas and how AI started growing 

in non-technical jobs such as HR, customer service, and education. as cited by Chakrabarti (2023a and 2023b) and 

Beig & Qasim (2022) In India the AI adoption is more complex because of social and cultural factors, especially 

related to gender and access to education remain a challenge . 

Kerala serves as a unique example to explore AI readiness, especially among young women, due to its high 

literacy rates, gender development indices, and active social support as cited in their report Kerala State Planning 

Board (2022a and 2022b) and NITI Aayog, (2021). As per the study of Emeritus Global Workplace Skills Study 

(2022) 87% of Indian female workers are joining technology upskilling programs, showing strong motivation. 

According to studies by Chakrabarti (2023a and 2023b) female participation in research and innovation has risen to 

the tune of 29.6% than compared to 19.1% for men. 

As cited by Business Standard (2023) nearly 90% of Indian women believe AI skills are important for their careers, 

but only 35% are prepared to adopt because of the barriers such as low awareness, limited access to devices and 

reliable internet, a lack of institutional mentorship and fear of failure or judgment. as cited by Beig & Qasim (2022 

and 2023) and Raman et al.,(2024) the case is not different for women from rural or marginalized backgrounds because 

the domestic responsibilities and lower digital literacy also restrict their engagement with new technologies.  

The studies conducted by Raman et al. (2024) and Beig & Qasim (2022) found that male students usually have more 

positive views and confidence about using AI in addition to that additionally, academic discipline plays an important 

role. Raman et al. (2024) observed that students in engineering, business, and science fields show higher levels of AI 

engagement and perceived competence compared to those in humanities and non-STEM areas. During the COVID-

19 pandemic, rapid digital changes further increased these divides. Studies by Prasad & Nair (2022), Varghese & 
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Kumar (2022), and Joseph & Mathew (2021) found that engineering students in Kerala quickly adapted to AI-enabled 

learning tools, while others fell behind. This highlights a clear academic and disciplinary divide in readiness. 

According to the studies of Deloitte (2022 and 2024) and the Kerala State Planning Board (2022a), many national 

level researches or studies overlook the socio-economic, linguistic, and digital infrastructure conditions in Kerala.  

This study addresses several gaps. The current study focusses on how district type (urban or rural), academic 

stream, income level, gender and institutional setting affect AI readiness among job market ready youth in Kerala. 

Theoretical Background 

TAM Model provides a solid framework for understanding how people accept and use technology as cited by 

Davis (1989). The model focuses on two main ideas: Perceived Usefulness (PU) and Perceived Ease of Use (PEU). 

PU refers to how much a person believes that using a certain technology will improve their job performance. PEU is 

about how much someone thinks that using the technology will not require much effort. Together PU and PEU ideas 

shape a person’s attitude toward using the technology. As cited by Davis (1989) this attitude affects their intention to 

use it, and eventually, their actual usage. The young market ready talents in Kerala see the PU as how people see AI 

tools as a way to improve career growth, workplace productivity, and skill development, The access to digital tools 

and job opportunities still varies by gender as cited in Kerala State Planning Board (2022) and Beig & Qasim (2022). 

As cited by Davis(1989), Emeritus(2022) and Sharma & Singh (2021), PEU can differ greatly based on levels of 

digital literacy, the availability of reliable infrastructure, socio-economic status, and exposure to technology at home 

or in schools. Therefore, TAM’s focus on individual perspectives makes it a good fit for examining the specific AI 

readiness of this group. The TAM gives the basic framework for this study, other theoretical models broaden its 

explanatory range. 

Ajzen’s Theory of Planned Behavior (TPB) (1991) includes subjective norms, attitudes, and perceived 

behavioral control. As cited by Ajzen(1991) that peer influence, societal expectations, and confidence in one’s ability 

can greatly affect technology adoption. Kerala's collectivist culture, social pressures and community approval often 

shape behavioral intentions, particularly for young market ready talents. 

Rogers’ Diffusion of Innovations (DOI) Theory (2003) offers a framework at the population level. As cited by 

Roger(2003) the factors such as relative advantage, compatibility and complexity are closely relate to TAM factors. 

DOI highlights the role of social systems and communication channels and makes it important for understanding how 

community norms, networks and institutional narratives affect AI adoption as cited by Rogers (2003) and Gupta et 

al.(2021). For example, if AI aligns with local learning goals and institutional practices, its adoption may increase, 

even among underrepresented groups. 

The Bandura’s Social Cognitive Theory (SCT) (1997), which emphasizes self-efficacy, or a person’s belief in 

their ability to perform specific tasks or actions because as he argues that high self-efficacy positively impact 

motivation, learning, and persistence when facing challenges . In the context of the TAM the PU and PEU strengthens 

both the intention and behavior toward adopting AI, as cited by Bandura (1986 and 1997). 

When compared to TPB, DOI, and SCT the TAM stands out for its clarity, simplicity, and focus on how 

individuals think and act in specific situations are well captured, as mentioned by Venkatesh & Davis (2000). TPB 

emphasizes social norms, while DOI overlooks internal psychological factors. SCT centers on learning and behavioral 

modeling among peers. As cited by Davis (1989) TAM focus at the motivations and obstacles individuals face when 

they are adopting the new technology, this makes TMA most suitable for this study, 

Recent Indian studies have used the Technology Acceptance Model (TAM) to explore AI readiness in education 

and training as cited in by Mishra & Panda(2022) and Chandran(2020), Learning from the experience of previous 

researchers adopts TAM as main theoretical framework to understand how prepared are the young job ready talents 

in Kerala and their intention to adopt AI tools. This approach allows the examination of how perceptions of usefulness 

and ease influence behavior in an academic and job market that is increasingly driven by AI. 

Gaps identified 

In last two decade the rapid growth of AI adoption in different fields especially in education and the workforce, 

there is still a significant lack of localized, gender-sensitive research that looks at AI readiness in Kerala. Most current 

studies concentrate on broad trends while overlooking the specific socio-economic and cultural traits of Kerala. As 

cited in by Kerala State Planning Board, (2022) and NITI Aayog (2021), Kerala state stands out in India for its high 

literacy rates, progressive development indicators and relatively high participation in education. The researcher found 
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little empirical evidence of any study happened on job-market-ready talents moving from campus to corporate 

environments. 

As cited by McKinsey Global Institute (2023) and Emeritus (2022), show a growing interest among women in 

AI-related training. Ninety percent of women in India see AI skills as important for career growth, but only 35% feel 

ready, citing challenges like limited access, low confidence, and a lack of institutional support (Business Standard, 

2023 and Chakrabarti, 2023). Researcher found through literature reviews a little to no serious studies examine these 

challenges with in localized context. In Kerala, where community norms and gender roles shape educational and career 

decisions, these frameworks can help us understand how personal and social factors affect technology adoption. 

Another significant research gap is the lack of differences based on discipline, income level, and geographic 

location. Studies show that engineering and business students, who are often male-dominated fields, use AI tools more 

easily than students in the arts and humanities, who usually have less digital exposure as cited in Raman et al.,(2024), 

Joseph & Mathew, (2021) and Prasad & Nair (2021). In the past researches the academic divide is overlooked the AI 

readiness among Kerala’s job ready youth. Similar they gave little attention on digital divide between rural and urban 

areas. Most research focuses too much on access and infrastructure while overlooking psychological and cognitive 

factors like self-efficacy, PU, PEU, confidence, and perceived behavioral control. These factors are especially 

important for young women facing uncertainty in technology as cited in by Bandura (1997) and Beig at et., (2022). 

The studies cited by KPMG (2022) and OECD (2023) pinpointed the gap between academic training and industry 

expectations in India and the widening gap between STEM and non-STEM programs over AI education. While 

institutions see AI as an important future skill, many students, especially those from non-technical backgrounds, lack 

the practical skills that employers need. 

Objectives of the Study 

Primary Objective 

• To assess the level of AI readiness among job-market-ready youth in Kerala. 

Secondary Objectives 

•  To examine how perceived usefulness and perceived ease of use influence AI adoption intentions 

among young talents. 

• To evaluate the moderating effect of gender, geographic location (urban vs. rural), income level, and 

academic stream (STEM vs. non-STEM) over AI readiness. 

• To identify gaps between higher education training and the expectations of AI-integrated workplaces 

from the perspective of graduating students in Kerala. 

• To give insights and recommend appropriate actions to policymakers, educators, and employers on 

improving academic preparation to better meet industry needs. 

Scope and Delimitations of the Study 

This study looks at how ready young people in Kerala, India, are for AI. The current study focuses on youth 

who are in verge of entering job market or just hit the job market. As cited by World Economic Forum (2023) and 

McKinsey Global Institute (2023) AI continues to influence all walks of life; hence it is important to study and assess 

how India’s youth view and embrace these technologies. 

The Technology Acceptance Model (TAM) as cited by Davis (1989) has been widely tested in research on 

education and technology as cited in by Venkatesh & Davis (2000) and Teo (2011). It focuses on two main ideas: 

Perceived Usefulness and Perceived Ease of Use. The current study also looks at factors like students’ academic 

streams (STEM versus non-STEM), income background, geographic origin (urban or rural), and current study district 

because these factors affect technology adoption (Beig & Qasim, 2022; OECD, 2023; Chakrabarti, 2023). 

The researchers collected primary data through online and off line survey tools, suitable to social and cultural 

context of research. The current study is not focusing on behavior or perceptions change over time which act as 

limitation as citated by Creswell & Plano Clark (2018). Furthermore, the study did not include qualitative methods 

which will limits its ability to gain deeper insights into attitudes, feelings, and experiences related to AI use. 
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Kerala was chosen as the study site because of its strong human development indicators as cited in Kerala State 

Planning Board (2022) and NITI Aayog (2021). When compared to other states in Indian there is remarkable gap we 

can see s in educational infrastructure, digital policy implementation, and cultural norms as cited in by Gupta et al 

(2022) and KPMG (2022). 

As cited in Davis (1989) Technology Acceptance Model (TAM) does not include broader social and 

institutional factors. The model like Unified Theory of Acceptance and Use of Technology (UTAUT) as cited by 

Venkatesh et al., (2003), the Diffusion of Innovations Theory as cited by Rogers (2003), and Social Cognitive Theory 

as cited by Bandura (1997) give weightage to social influence, organizational structure, and self-efficacy.  

The current study scoped out following factors digital literacy, past experience, family education levels, 

influences from media and peers. As per studies cited in by OECD (2023), Chakrabarti (2023), Beig at el., (2022), 

Prasad at el., (2021) and Joseph at el., (2021a and 2021b) these factors are impactful. The TAM based survey tool as 

cited in by Davis (1989) is revised for clarity and context but researcher is suspect semantic bias may still persist. As 

cited by Venkatesh at el. (2000) and Davis (1989) the responded may misinterpret "usefulness" or "ease of use" due 

to differently in socio cultural difference. 

Statement of Problem 

Despite India's push for AI-driven digital transformation, research rarely focuses on how Kerala's job-ready 

youth, especially those from non-STEM fields, perceive and prepare for AI adoption (McKinsey Global Institute, 

2023; World Economic Forum, 2023). While Kerala has high literacy rates and strong education indicators (Kerala 

State Planning Board, 2022), studies that use the Technology Acceptance Model (TAM) are still limited as cited by 

Davis (1989) and Venkatesh & Davis, (2000). As cited by Chakrabarti (2023) and Beig & Qasim (2022) limited 

access, low tech confidence, and gaps in institutions disproportionately impact non-technical students. This lack of 

evidence makes it harder to link educational pathways with AI-integrated work environments as cited by Raman et 

al., (2024) and Teo (2011). 

This study is guided by the central research question: 

“How prepared are job-market-ready youth in Kerala to adopt AI technologies in their day-to-day life, and what 

factors influence this readiness?” 

By looking into this question through TAM and including important demographic, economic, geographic, and 

academic factors, the study aims to offer data-based insights on how to better support Kerala’s young workforce in 

transition. 

Research Questions 

Main Research Question 

• How are job-market-ready youth in Kerala prepared to adopt Artificial Intelligence (AI) technologies 

in their yearly career activities, and what factors influence (PU and PEU) their readiness? 

Sub-questions (Secondary Research Questions) 

• How do academic stream (e.g., STEM vs. non-STEM), geographic factors (urban vs. rural origin and 

location of study), economic factors, gender-based and Job status moderate the AI readiness of job-

market-ready youth in Kerala? 

• To what extent does the Technology Acceptance Model (TAM) explain AI adoption behavior among 

students preparing to transition into the workforce in Kerala? 

Hypothesis 

H₀: Perceived Usefulness (PU) does not significantly influence AI readiness among job-market-ready youth in 

Kerala. 

H₀: Perceived Ease of Use (PEU) does not significantly influence AI readiness among job-market-ready youth in 

Kerala. 

H₀: There is no significant difference in moderating effect of academic stream (STEM vs. non-STEM), geographic 

factors (urban vs. rural origin and location of study), economic factors, gender-based and Job status on AI readiness 



 

854 

H₀: The Technology Acceptance Model (TAM) does not significantly explain AI adoption behavior among job-

market-ready youth in Kerala. 

3. Methodology 

This study adopts a quantitative method and use descriptive and explanatory research method to objective 

analysis of AI adoption readiness among job-market-ready youth in Kerala. Grounded on the Technology Acceptance 

Model (TAM) developed, cited in Davis (1989), the study operationalises key constructs such as Perceived Usefulness 

(PU) and Perceived Ease of Use (PEU) to assess individual-level acceptance and readiness for AI technologies. As 

cited in Venkatesh at el., (2000) and Teo (2011) TAM has been widely used in educational and technological adoption 

research across globally. Further in their study Beig & Qasim (2022) and Raman et al., (2024) cited TAM is equally 

applicable in the Indian education context. 

As cited by Kothari (2019) stratified random sampling technique was deployed to represent 14 districts in 

Kerala. District-level stratification allowed representation from various socio-economic categories (urban/rural and 

income levels) and further enhanced the generalisability within the state. As cited in Villanueva, R. (2020), Slovin’s 

formula was deployed at a 95% confidence level to determine the sample size, initially calculated at 390 but 

subsequently increased to 708 to accommodate potential non-responses and ensure high power of the test and 

accuracy. 

As cited in Davis (1989) the researcher adopted the tool with minor customisation to conduct survey. Further, 

as cited in Davis (1989) instrument previously demonstrated high internal consistency, with a Cronbach’s alpha of 

0.97 and construct reliability of 0.91, validating its psychometric soundness. The questionnaire was distributed online 

and offline mode. The researcher follow ethical code of conduct at all staged of research especially during data 

collection stage. The researcher anonymized the data to protect respondent confidentiality and processed it according 

to ethical guidelines set by institutional research protocols. 

For data analysis, as cited in Minitab (2023) the study uses Principal Component Analysis (PCA) to confirm 

construct dimensions and reduce multicollinearity among indicators. After that, multiple regression analysis, with and 

without moderating variables like gender, academic stream, and location, tests the influence of TAM constructs on AI 

readiness. This two-part approach helps validate constructs and develop a predictive model for AI adoption behavior 

in Kerala. 

4. Analysis and Discussion 

A. Principle component analysis (PCA) 

As cited in Minitab (2023), the PCA is used to understand the hidden structure of AI readiness among job-

market-ready youth in Kerala. Further more, referring to Minitab (2023), PCA helps researchers look at the covariance 

structure of a dataset. It simplifies the dataset into fewer, understandable components while keeping the most important 

variance. We applied this method to check the construct validity of the questionnaire items created under the 

Technology Acceptance Model (TAM). Our focus was on the concepts of Perceived Usefulness (PU) and Perceived 

Ease of Use (PEU) as cited in by Davis(1989). 

The screen plot (Fig. 1) reveals there are two different factors which meets the Kaiser criterion, eigenvalues 

greater than or equal to 1. The first component have an eigenvalue of 7.4376, and the second component have 1.2566, 

after that there is a sharp decline and fall below Kaiser criterion. They together accounting for 72.5% of the total 

variance in the dataset. The screen plot also reveals Component 1 ( Factor 1) accounted for 62.0%, and Component 2 

(Factor 2) contributed 10.5% after that there is a sharp decline. The screen plot is confirming the presence of two 

dominant latent constructs. Hence we can conclude that the construct is well aligned to TAM’s core factors—

Perceived Usefulness (PU) and Perceived Ease of Use (PEU). 

This outcome is in line with earlier researches that uses TAM to measure technology adoption across 

educational and developing country settings as cited in their studies Teo (2011) and Venkatesh & Davis (2000). The 

cumulative variance is slightly lower than the standard 80%, this is due to data outliers and samp; less exposure to AI 

tools particularly from rural areas or economically backward backgrounds. 

The Loading Plot (Figure 2) as referred in Minitab (2023) output shows how individual questions are aligned 

under each component (factor). The items from Q1 to Q7 are closely linked to Component 1, which we interpret as 

PEU and Q10 through Q15 clearly connect with Component 2, related PU. This alignment of questions under two 
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components confirms our initial theory that users see usefulness and ease of use influencing AI readiness. However, 

the item “It would be easy for me to become skillful at using AI tools” (Q6) had a weaker factor loading under PEU. 

Possible reasons include limited hands-on experience with AI technologies in some districts, vague responses due to 

an abstract understanding, different interpretations of the question, etc. Even with this statistical limitation the 

researcher retained this item because of the theoretical importance. The Technology Acceptance Model (TAM) is 

supported by behavioral theories like Bandura’s Social Cognitive Theory (1997) and Ajzen’s Theory of Planned 

Behavior (1991), highlight the importance of confidence and belief in one's ability to use technology. This analysis 

shows that the main parts of the TAM, PU and PEU , are both valid and reliable in Kerala's socio-cultural context. 

The results shows that questionnaire, borrowed from Davis(1989), structure is intact with minimal bias. These findings 

confirm the use of TAM in this regional context. 

 

Fig .1 Eigen analysis of the Correlation: Matrix results cited from Minitab (2023) 

Particulars Factor 1 Factor 2 Factor 3 Factor 4 

Eigenvalue (>1) 7.4376 1.2566 0.5977 0.4682 

Proportion 62.0% 10.5% 5.0% 3.9% 

Cumulative 62.0% 72.5% 77.4% 0.813 
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Fig. 2 loading plot of variables: shows the variable loadings in two factors. 

B. Multiple regression analysis (MRA) without Moderators 

The MRA (refer Figure 3) result show the relationship between AI readiness and two key predictors (PU and 

PEU), without any moderator variables. The R² 80.52% value indicates model is a strong fit. The PU and PEU together 

can explain approximately 80.52% of the variance in AI readiness. The R² adjusted (80.46%) and R² (80.30%) 

predicted values are closer to R² 80.52%. Hence, we can assume that model is robust, no over fitted and has good 

predictive validity. 

The overall regression model is highly significant (F = 1456.75, p < 0.001), confirming that the combined 

influence of PU and PEU on readiness is statistically meaningful. The PU shows a very strong influence (F = 531.77, 

p < 0.001) than compared to PEU (F = 311.73, p < 0.001). Overall, the findings highlight the critical role of PU and 

PEU in shaping AI readiness, while also pointing to opportunities for further model refinement. 
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Model Equation: 

Readiness = 1.2213 + 0.4305  PU + 0.3229  PEU 

 

C. Multiple regression analysis (MRA) with Moderators 

The Figure 4 illustrate the multiple regression analysis with moderators , where AI readiness is regressed on 

Perceived Usefulness , Perceived Ease of Use and several moderating variables including job status, branch, gender, 

location type, and economic status are tested for their impact. 

The model explains approximately 80.93% (R²) of the variance in AI readiness, which is slightly higher without 

any without moderators. The adjusted R² 80.69% and the predicted R² 80.34% values indicating that the model retains 

strong explanatory and predictive power and there is no over fit in the model. The value of standard error (S) 

(0.345318) is closer to the previous model (MRA without moderators), suggesting a consistent fit. 

The prediction model is statistically significant (F = 329.16, p < 0.001); means that the set of independent 

variables collectively is capable of predicting AI readiness effectively. The values of independent factors PU (F = 

525.64, p < 0.001) and PEU (F = 312.89, p < 0.001) indicates they are significant. However, the moderator variables 

like job status, branch, gender, and location type outrightly rejected (p-values > 0.05) except the economic factor. 

Only economic status appears to have significant effect (F = 3.18, p = 0.042). It is the only moderating variable, 

financial background of individual, may influence individuals PU and PEU for AI adoption. Despite this, the 

significant lack-of-fit (F = 6.46, p < 0.001) persists, it implies that the model may still miss other relevant factors or 

interactions. 

Adding moderators does not substantially increase the model's explanatory power, hardly <1% increase. The 

slight improvement in R² (with moderators) and the marginal significance of economic status suggest that future 

models might explore more nuanced or interaction effects among demographic and contextual variables. 
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Interaction effect of moderators: 

The interaction plot (Figure 5) shows how different moderating variable - job status, academic branch, gender, 

location type and economic status - influence the AI readiness. Across all panels, individuals who are "in search of a 

job or have just secured one" consistently show higher levels of AI readiness compared to those who are still 

"preparing for a job". This clearly give and indication as the youth approach near to job or job search give more 

attention towards the AI readiness alias it is positively influence perceptions of AI readiness. 

When comparing academic branches, individuals from STEM fields exhibit slightly higher readiness levels 

than those from non-STEM backgrounds, particularly among job seekers. The parallel line in the cell, interaction 

between job status and academic background, indicates no significant. When compare dot female gender , males job-

seeker are in higher readiness levels. 

Location type emerges as a more influential moderator. The youth who are coming from the corporation (urban) 

areas tend to have highest readiness levels when they are actively looking out for job openings. In contrast, those from 

villages show the lowest readiness. Hence from a reasonable ground we can conclude that geographic location, likely 

associated access to resources and exposure to technology, plays a meaningful role in shaping AI preparedness. 

The curvilinear pattern of the economic status indicating the significant moderating effect. The youth form 

middle-income groups have edge over high-income and then low-income groups over AI readiness. This trend is 

particularly evident among those who are actively pursuing employment. Hence we can conclude compared to other 

categories the middle-income category is more motivated and engaged with new tools. 
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The statistical results suggest most of the effect of moderator variables are negligible but the interaction plot 

shows some patterns. This finding suggests that deeper dive into contextual factors such as job status, location, and 

economic background, etc. is necessary These insights could be useful for creating targeted interventions or policy 

5. Conclusion 

The study clearly indicates that Perceived Usefulness and Perceived Ease of Use are the most significant 

predictors of AI readiness among job-market-ready youth in Kerala, which is in line with Davis(1989) observations. 

Further the variables show a strong and statistically significant influence over AI readiness, over 80% of the variance 

in AI readiness, both with and without the inclusion of moderating factors. This finding outlines that the individual's 

belief such as utility and user-friendliness are the key factors in shaping their readiness . 

While most demographic and contextual moderators such as academic branch, gender, and job status did not 

show a statistically significant impact on readiness in the regression model, the interaction plot reveals important 

practical patterns. Youth residing in urban (corporation) areas, those from STEM backgrounds and individuals from 

the middle-income group are highly adaptive to AI tools particularly when they are actively seeking employment or 

have recently entered the job market. These findings indicates that geographic location, economic background, and 

career proximity subtly shape readiness levels, even though it is not statistically significant. 

The research conclude that perceived usefulness and ease of use are critical for better adoption and justify the 

TAM model of Davis (1989). The higher readiness can be achieved through targeted training, awareness, and support 

systems. Further the efforts to close the digital divide, especially in rural and low-income segment, are also important. 

This will help ensure fair AI adoption and future job opportunities for Kerala’s youth in a technology-driven job 

market. 

Recommendations 

Based on the research findings, the researcher recommend well structure training programs should focus on 

increasing perceived usefulness and perceived ease of use for higher AI readiness. These programs should show how 

people use AI tools in real-life situations and make sure communication is clear. Practical workshops, exposure to real 

applications, and straightforward learning materials can significantly boost confidence and skills in using AI. 

The study shows that people who recently got a job or are actively looking for one are more willing to accept 

help than others. The researcher highlights the importance of Improving skills, along with onboarding, job placement 
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help, and career counseling, for better fitment in job market. Furthermore, the research revealed that youth from urban 

(corporation) areas have significantly higher readiness which indicate the correlation of area versus readiness. 

Addressing the disparity between urban and rural areas, researcher recommend requires focused efforts through the 

establishment of digital learning centers, mobile training units, and community-based initiatives in under-represented 

areas. 

The income category verses readiness are significant. Considering this the researcher recommend the subsidised 

AI training and digital literacy initiatives for economically backward groups. Making corporate social responsibility 

(CSR) initiatives and public-private partnerships more accessible and inclusive can be a key component of these 

initiatives. Comparing to Non STEM the STEM graduates show a higher readiness. AI is becoming important in every 

field of study. Schools should include AI awareness and literacy in the curriculum for both STEM and non-STEM 

students to prepare a larger and more diverse group of people for AI. 

The research reveal that the gender differences observed were not statistically significant, however even the 

small variations shown the need for gender-sensitive approaches. To improve women's participation in AI, the field 

must provide safe, welcoming learning spaces and promote visible female role models. Researcher suggest the 

incorporating of AI-focused content into all streams of study and the collaboration with industry through hackathons, 

internships, real-world projects, etc. Together, these steps create a more inclusive, fair workforce ready to succeed in 

an AI-driven job market. 
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